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Available online xxxxVery little is known about how individual soil particles move over a soil surface as a result of rainfall. Speciﬁcally
there is virtually no information about the pathway a particle takes, the speed atwhich it travels andwhen it is in
motion. Herewepresent a novel technique that can give insight into themovement of individual soil particles. By
combining novel ﬂuorescent videography techniqueswith custom image processing and a ﬂuorescent soil tracer
we have been able to trace themotion of soil particles under simulated rainfall in a laboratory soil ﬂume. The sys-
tem is able track multiple sub-millimeter particles simultaneously, establishing their position 50 times a second
with sub-millimeter precision. An analysis toolkit has been developed enabling graphical and numerical analysis
of the data obtained. For example,we are able to visualise and quantify parameters such as distance and direction
of travel. Based on our observationswe have created a conceptualmodel (Stop, hop, roll)which attempts to pres-
ent a uniﬁed model for the movement of soil particles across a soil surface. It is hoped that this technology will
open up new opportunities to create, parameterise and evaluate soil models as the motion of individual soil par-
ticles can now be easily monitored.
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).Keywords:
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Tracer1. Introduction
“Transfer soil material into a plastic tray for air drying”. This state-
ment was taken from page one of Procedures for Soil Analysis (ISRIC)
and succinctly illustrates how traditional soil science is conducted. In
short, one goes into the ﬁeld, collects a sample and then brings it back
to the laboratory for analysis, which inherently limits the amount of in-
formation that can be collected about a given location. Firstly, sampling
involves perturbation to the system being studied, and the more a sys-
tem is studied the more perturbation occurs, leading to a delicate
balancing act between the number of samples to be collected (and
therefore the amount of data available) and need to limit the unwanted
perturbation to the system. Secondly, soil is known to be a highly het-
erogeneous, both temporally and spatially, as are the erosion processes
that redistribute soil particles and deliver them to surface waters
(Armstrong et al., 2011).
To address the constraints introduced by sampling, and the costs as-
sociated with sample processing and analysis, there has been a growth
in proximal soil sensing (PSS) to collect in ﬁeld measurements of soil
properties. These methods include the development of near-infrared
spectroscopy for carbon measurements (Dhawale et al., 2015) and the
use of hand-held X-ray ﬂuorescence for metal determinations
(Vanhoof et al., 2004). Such measurement techniques are generally
much faster and cheaper than traditional methods, as there is no needn).
. This is an open access article underto collect samples and data are generally acquired in digital form. As a
result, more data can be collected with the same amount of resources.
PSS methods are also often complementary to more traditional tech-
niques and can be used, among other things, to inform targeted sam-
pling. Here, we focus on a new PSS method, which can help inform
our understanding of soil erosion.
To date, work on soil erosion processes has included seminal studies
of splash erosion (Bollinne, 1978; Hudson, 1965), concentrated ﬂow
erosion (Knapen et al., 2007) and the interaction of splash erosion pro-
cesses with shallow overland ﬂow (Kinnell, 1988). These studies have
led scientists to develop process-based modelling approaches to the
prediction of soil erosion, such as WEPP (Nearing et al., 1990),
EUROSEM (Heng et al., 2011; Morgan et al., 1998) and MAHLERAN
(Wainwright et al., 2008a; Wainwright et al., 2008b; Wainwright et
al., 2008c).
Most soil erosion process studies have focused on bulk soil proper-
ties, deriving empirical relationships between soil properties and the
erosive agent. For example, Bollinne (1978) related the kinetic energy
of the rainfall to the mass of material ejected from a splash cup, and
the relationships developed by Govers and Rauws (1986) to explain
sediment concentration in overland ﬂow related ﬂow shear velocity to
sediment concentrations. While these approaches have led to advances
in our understanding of water-based erosion processes, our ability to
progress beyond studies of bulk soil properties has been hampered by
the availability of suitable methods.
Recent advances in image analysis have allowed scientists to exam-
ine the physics of erosion processes in more detail. Model systems,the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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sized particles, have allowed some insights to be gained into the likely
effects of a raindrop impact.Muchworkhas focused on developing a de-
tailed understanding of the formation of splash craters and associated
physics (Delon et al., 2011; Katsuragi, 2011; Nefzaoui and Skurtys,
2012). More recently Long et al. (2014) investigated the ejection of par-
ticles from a single raindrop impact, showing that the vast majority of
ejected particles have low velocity and a high ejection angle, resulting
in a small displacement, while b3% ejected particles have a low angle
and high velocity resulting in larger travel distances (Long et al.,
2014). Although not intended to mimic natural systems and working
with single drops at small (b1000 mm2) scales, this work suggests
that soil particles are likely to be displaced via a series of small move-
ments with intermittent larger movements.
Particle movement processes are beginning to appear in soil erosion
models. Tucker and Bradley (2010) have proposed a particle-based
model, which has been incorporated into MAHLERAN (Cooper et al.,
2012; Tucker and Bradley, 2010). This approach uses a ‘marker in a
cell’ approach, which moves a marker (particle) through a series of
cells. The cells contain hydrological information and the particles are
passed through the cells. The model was tested using soil movement
data from a single plot scale (13.75 × 6.5 m) 137Cs tracer experiment.
The empirical endpoints of the experiment were compared to the sim-
ulations of particle movements in the model. However, no temporally-
resolved data is available about the movements of individual particles
throughout the experiment to allow validation of the model's move-
ment of the particles. Instead validation can only be carried out based
on the net movement of particles throughout the whole experiment.
Given the paucity of data on particle dynamics in response to erosion
processes and the need to provide validation data for a new generation
of particle-tracking soil erosion models, we set out to develop a simple
and cost effective methodology that allows the motion of individual
particles to be ascertained at high temporal and spatial scales.We dem-
onstrate an experimental system that allows individual grains of a
~250 μm diameter ﬂuorescent tracer to be tracked through time and
space during a simulated rainfall event. A data set based on this work
is presented and the potential for further work highlighted.2. Materials and methods
2.1. Experimental setup
2.1.1. Soil box setup
Following the methodology adopted by Armstrong et al. (2012), a
soil box (0.2 × 0.3 × 0.15 m) was ﬁlled with 40 mm of gravel, followed
by a fabric membrane, 30 mm of sand, and 40 mm of soil. The soil was
sandy loam soil of the Oak 2 association from Calthwaite, Cumbria,
U.K., a Eutric Cambisol (WRB classiﬁcation), (54.7544° N, 2.8281° W)
and had been screened to 4 mm, prior to being packed carefully into
the box in 1 cm layers with a bulk density of 0.9 g cm−1. A coated nat-
ural particle tracer (Partrac Ltd. www.partrac.com) with a nominal di-
ameter of 220 μm (250 μm after coating), consisting of a sand core
and a green ﬂuorescent coating, was applied to the surface of the
upper area of the soil box. Note that other particle sizes are available
and mixtures of particle sizes are possible. To produce a more natural
pitted soil surface and to allow the particle tracer to becomemore inte-
grated with the soil, the box was placed in water to a depth of 1 cm
above the soil-sand interface for 24 h following tracer application, the
box was then exposed to simulated rainfall (40 mm h−1) for 45 min,
and ﬁnally drained for 1 h before starting the experiment. The soil box
was set on a slope of 5°.
For the experiment, the box was initially covered to prevent rain
from impacting on the soil. It was videoed for 78 s before the cover
was removed, and videoing continued for a further 4 min while the
soil was exposed to rainfall (40 mm h−1).2.1.2. Lighting set-up
Illumination to excite the ﬂuorescent coating was provided by 20
high-power 450 nm (blue) LEDs in two arrays. The LED arrays were lo-
cated ~2 m from the soil box and positioned just behind and either side
of the camera to reduce shadowing on the soil surface. The laboratory
was blacked out, so there was no natural light present. Background
lighting (for safety) was provided by another 450 nm LED array in the
middle of the laboratory, pointing at the ceiling. To prevent ﬂuctuation
in lighting intensity, the LEDs were driven from a constant current and
voltage source (12 V, 0.7 A), with excess heat removed through alumin-
ium heat sinks and forced air cooling.
2.1.3. Video setup
Full HD video, 1920 × 1080 pixels at 50 frames per second, was cap-
tured using a Panasonic HC-X920 digital video camera in telemacro
mode, at themaximum image brightness setting. The camerawas locat-
ed 2m from the soil box and imaged an area of 96 × 54mmdownslope
of the tracer application area, giving a nominal pixel footprint on the soil
surface of 50 × 50 μm. Due to the non-orthogonal nature of the camera
in relation to the soil box the size of the pixel footprint will vary in the x
direction. In the current work, this error is expected to be small due to
the relatively small distances overwhich the particles are being tracked.
However if the particleswere to be tracked over larger areas then itmay
be important to consider the systematic error in pixel area in future. The
camera was ﬁtted with a 490 nm longpass ﬁlter (Thorlabs), which
prevented almost all of the light emitted from the LEDs from entering
the camera, while allowing the particle ﬂuorescence to be captured.
The camera, lighting and soil box were positioned as show in Fig. S1.
2.2. Initial data processing
Data processing was conducted on a Dell Precision T3500 running
Ubuntu 14.04 LTS. All frames were extracted from the video using
ffmpeg 2.2.4 (Fig. 1a) and saved at their native resolution in a JPEG for-
mat to keep ﬁle sizes small. Code to pre-process the images was written
using Spyder (Scientiﬁc PYthon Development EnviRonment) running
Python 2.7.10. This code removed the red and blue channels (as they
contain no useful information) and then minimised noise by setting
all pixels with an intensity value less than a threshold, to zero. The
threshold value was selected to most effectively reduce the noise with-
out adversely affecting particle detection, through trial and improve-
ment over a subset of the images. The threshold value, 110 in the
example described here, was then applied to the image set (Fig. 1b).
Each pre-processed frame was then searched for particles (Fig. 1c)
using the Python library trackpy (https://github.com/soft-matter/
trackpy). Trackpy recognises a particle by identifying a small image re-
gion having a 2-D Gaussian-like distribution of pixel brightness, and de-
termines sub-pixel coordinates of the brightness centroid, as well as
other parameters.
2.3. Pathway location
A linking algorithmwas used tomatch particles detected in different
frames into pathways representing the movement of individual parti-
cles (Fig. 2a). Each identiﬁed particle in a framewas linked to an identi-
ﬁed particle in the subsequent frame, if it was located within a deﬁned
spatial range (75 pixels in this case) of the original particle location,
with no prediction made of the particle movement direction. If there
was no particle within the area, the algorithm searched forward
through subsequent frames until onewas found. If a maximum number
of frames (50 in this case) was exceeded, then a pathway was ended.
The resulting particle pathway (Fig. 2a) was given a unique number
(Pathway Number), which was stored along with other parameters.
Sometimes a clearer impression of a pathway can be gained by
visualising the discrete particle locations as a continuous line (Fig. 2b);
Fig. 1. The identiﬁcation of particles in the video frames. x is the up and down slope direction and y is across-slope. a) A raw frame extracted from the video footage (1920 × 1080 pixels,
96 × 54mm). The inset shows an enlargement of a particle (original size 20 × 25 pixels enlarged to 80 × 66.6). b) The same frame after grey-scale and threshold pre-processing. The inset
shows an enlargement of a particle (original size 20 × 25 pixels enlarged to 80 × 66.6). c) The particles (circled) identiﬁed using the trackpy routine.
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ed this path explicitly and no additional data are created in this process.
Further ﬁltering was carried out by removing pathways lasting b25
frames (0.5 s) and pathways with a mean “signal” (a parameterFig. 2. Themovement of a single particle over 218 frames (4.36 s). a) The precise locations
each time the particle was detected. b) The pathway created by interpolating between the
locations given in a). The particle was detected in all but one of the 218 frames.determined by trackpy relating to the brightness of a particle) of
b125. Data from the ﬁrst 200 frames were removed due to camera
shake; the rainfall simulator was turned off at frame number 15,000.
2.4. Data analysis tools
Bespoke visualization tools were used to display the position of the
particles and their pathways in time and space. Functions (Table 1)
were written in Python to assist with analysing the data produced
from the images, and are available on request.
3. Results
When the experiment began, the high moisture content in the soil
quickly led to visible shallow overland ﬂow, which (visually) strength-
ened over the duration of the experiment. Of the particles applied, six
were detected, and these were clearly observed to move within the
video imagery. In the video frames, detected particles generally ap-
peared as bright, near-circular features (Fig. 1, insets) with diameters
approximately 2.5 times those expected from the physical particle
sizes. This apparent enlargement is thought to be a camera effect (sim-
ilar to blooming, and probably due to the high ampliﬁcation required
under the low light levels), but raised a question as to the precision of
the particle locations derived.Table 1
Data analysis toolswritten to extract quantitative data describing theparticles'movement.
Parameter or process (function
name) Description
Pathway length (displacement) Calculates the summed displacement for a
particle in x and/or y directions.
Net pathway length
(displacement_net)
Calculates the net displacement of a particle, i.e.
the straight line displacement between start and
end positions.
Speed (speed) Calculates the speed of a particle determined by
dividing pathway length by time (measured in
frames).
Average speed inside pathway
(avg_speed_inside_traj)
Calculates the average speed of a particle over a
given time interval.
Particle presence ratio
(conﬁdence_interval)
Calculates the fraction of frames in which a given
particle is actually identiﬁed within its pathway.
For example, if a pathway persists for 100
frames, but the particle is only found in 50
frames then the particle presence ratio (PPR)
would be 0.5.
PPR ﬁltering
(conﬁdence_ﬁltering)
This function removes all trajectories with a PPR
of less than a given value.
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Efforts have been made to understand the precision of the calculated
particle locations. At the start of the experiment there were six particles
which remained static for the ﬁrst 78 s (3900 frames) as no rainfall was
present. As the particles were static then net displacement should be zero
and any deviation from this value was interpreted as an uncertainty relat-
ing the location of the particle. The particle presence ratio (PPR, Table 1) for
each pathway was 1.00, indicating that each particle was found in each
frame. The range of net displacements was 0.054 to 0.072 mm, and the
mean was 0.065 mm. Thus, although sub-pixel particle coordinates were
derived (given by the calculated brightness centroid), the measurement
precision was ~1 to 2 pixels. Nevertheless, this precision compares favor-
ably with the physical size of the particles (typically 0.13 mm or nearly
3 pixels). Therefore, despite the image blooming effect, it was possible to
consistently locate particles and determine their position. Errors were
smaller than the typical particle size and orders of magnitude smaller
than expected travel distances (the total imaged area was 96 × 54 mm).3.2. Particle movement
Fig. 3a and Movie S1 (online version only) illustrate the movement
of particles for the complete duration of the experiment and includeFig. 3. Particle pathways across a soil box during a simulated rainfall event (30 mm h−1
starting at 79 s and ﬁnishing at 296 s) for: a) all particle pathways that have a lifetime
N0.5 s, and b) following the application of a ﬁlter based on a PPR of 0.95. Some particle
pathways are truncated due to burial and/or submergence under water.the static period of 78 s followed by the rain event of 218 s. Six station-
ary particles (vertical lines in Fig. 3a) can be seen at the start of the ex-
periment. Once the rain begins to fall (79 s) the particles start tomove. It
is clear that individual particles are not moving at all times, but when
they do move that they tend to move in almost instantaneous hops or
jumps, then roll. If the jump or roll intersects with a ﬂow path the roll
continues and the pathway is extended, but at a slower rate than
those particles that have been ejected by a raindrop impact. Visually
the pathways show some resemblance to those predicted by stochastic
models (Lisle et al., 1998) as well as the more recent models by Tucker
and Bradley (2010). The net direction of travel is mostly in a downslope
direction (x), althoughmanyparticles (e.g.Movie S1 particle in top right
4 min 20 s to 4 min 49 s) exhibit multiple uphill movements.
To improve the conﬁdence that particle pathways are a true repre-
sentation of the particles' movement a ﬁlter based on a PPR of 0.95
was applied (Fig. 3b). This ﬁlter reduced the total number of trajectories
from 94 to 61 (35%) and in practice meant that all the pathways de-
scribed in Fig. 4 have unknown particle locations for b5% of frames. Al-
though the PPR is informative, it can be misleading as the particle
location tool has the greatest chance of identifying a particle location
while a particle is stationary and the particles are stationary most of
the time. Therefore it is possible that, when a particle ismoving, propor-
tionally fewer locations are returnedwhen compared to it being station-
ary. As particles can spend a long time stationary a high PPR may be
possible, but there may be limited information concerning the particle
while in motion.
Fig. 3 gives an excellent overall impression of the results; however it
is difﬁcult to examine the pathways of individual particles in detail.
Using the bespoke visualization tools developed here, the trajectories
of individual particles were extracted. Fig. 2 illustrates this process for
one particle; Fig. 2a shows the particle location each time it was located
on a given pathway and Fig. 2b interpolates between particle locations
to give an overall pathway. For this example, the PPR is 0.9908,meaning
that the particle is present in over 99% of the frames.
Using the particle pathway illustrated in Fig. 2, we can examine the
movement of the particle in more detail. The total net displacement of
this particle is 23.5 mm, which is comprised of 17.99 mm of downhill
travel (x axis) and 5.45 mm of movement to the left (y axis). The total
pathway length was 28.4 mm, with 19.33 mm movement in x axis
(up and down slope) and 9.01 mm in the y axis (across-slope). The
mean speed of the particle was 6.50 mm s−1, which is comprised of
4.43 mm s−1 in the x axis (up and down hill) and 2.07 mm s−1 in y
axis (across-slope). The speed of the particle during its journey is highly
heterogeneous (Fig. 4); movement is short lived and has speeds (based
on 0.1 s averages) ranging from 0.04 to 45.15 mm s−1.Fig. 4. The speed proﬁle of a single particle averaged over 0.1 s increments.
Fig. 6. Comparison of particle speed and net displacement for 61 particle pathways. Note
the lack of correlation between these two parameters. Terms are deﬁned in Table 1.
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ment of multiple particles. There is a large range of average speeds and
displacements (Fig. 5a, b). Most of the particles (68%) have displace-
ments of b2mm,with themaximumdisplacement being 23mm. No re-
lationship was found between average speed and pathway length (Fig.
6).
The net displacement in x and y directions (Fig. 7a, b) shows that
most movement is in the downslope direction with only a small
amounts of uphillmovement (Fig. 7a). Out of the 61pathways analyzed,
38 had net downhill movement and 23 had net uphill movement. If the
uncertainty in the particle location is considered (±0.1 mm), then only
12 pathways show clear uphill movement, whereas 25 pathways show
clear downslope movement. Furthermore, the maximum upslope dis-
placement was 0.67mm,while themaximum downslope displacement
was 17.99mm. As expected, movement across slope (Fig. 7b)wasmore
evenly distributed; 31 pathways showed net movement to the right
whereas 30 showed net movement to the left. If uncertainty in the par-
ticle location (±0.1 mm) is considered, then 17 showed movement to
the left and 17 showed movement to the right and 27 showed no
displacement.
Overall, the average speed of the individual particles increases with
time (Fig. 8). Over the duration of the experiment, there are times
when the average speed of all the particles is close to 0, but the range
of average particle speeds increases with time.
In the video frames, evidence of “hops” taking place is represented
by a particle apparently appearing in two places at the same time (Fig.
S2), suggesting that the particle is moving rapidly from one place toFig. 5. The range of a) speeds and b) net displacements for 61 particle pathways. Terms are
deﬁned in Table 1.another. At one location, the particle image becomes duller, while at
the other, it becomes brighter, and there is a streaking of the image in
the direction of travel. Although the ejection of particles from granular
media due to a single raindrop impact has been extensively studiedFig. 7. The frequency distribution of net particle displacement for 61 particle pathways: a)
in the y direction (up-down slope) and b) in the x direction (perpendicular to the slope).
Terms are deﬁned in Table 1.
Fig. 8. Average speed (0.1 s time steps) for all the particles detected. Terms are deﬁned in
Table 1.
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the ﬁrst time that the hops of multiple particles in response to multiple
impacts has been captured in real-time, under continuous rainfall
conditions.
4. Discussion
To date, measurements of soil particle movements have been static,
i.e. following a single raindrop impact. Here, for the ﬁrst time, we have
described a method for the collection of soil particle movement data
at high temporal and spatial resolution under continuous rainfall condi-
tions. The method allows the motion of many particles to be recorded
and investigated under conditions similar to the natural environment.
By removing the need to physically sample soil to obtain data, or to
stop the experiment to sample, this method offers a step change in
theway that data relating to erosion processes can be collected. Equally,
by reducing the amount of time,money and resources needed to collect,
process and analyze soil and sediment samples, this method allows
more resource to be focused on developing our understanding of soil
processes.
We acknowledge that the application described here is at a laborato-
ry scale and that the observations that wemake are limited by the scale
of application.Moving to a larger scale is perfectly possible, in fact a ﬁeld
applicationwill be the subject of a forthcomingpaper, but there are con-
straints. In particular, the photographic work needs to be carried out at
night. With existing technology at large scales it is easier to work with
still photographs. Collecting video images over an area of 100 s of square
meters capable of resolving individual particles would require further
development of the image acquisition and processing technology, but
given rapid advances in this area there is real potential for this to hap-
pen in the near future.
4.1. Model parameterization
Our approach is an important step since a new generation of erosion
models is being developed that simulate particle transport and rely on
an empirical base. However, as Wainwright et al. (2008a) point out,
there are “no physically based derivations of detachment, entrainment
and travel distance” which are key parameters for these types of
models. The method we propose here offers the potential to deliver
the empirical evidence to parameterize and evaluate these new ap-
proaches to soil erosion modelling, such as those proposed by
Wainwright et al. (2008a). For example, Wainwright et al.'s (2008a)
MAHLERANmodel approximates particle velocity, up, by using vp (virtu-
al transport rate), which they suggest can be parameterized byempirical observation of distance moved by a sediment particle per
unit time, although these observations have proved difﬁcult to obtain
until now. However, our data suggest that particle speed (which is relat-
ed to, but not identical to vp) cannot be used as a proxy for displacement
(Fig. 5). This observation may be explained by the varying length of
times that the particles remain still and the tendency for particles to
stop moving. For example, take two particles, which both travel the
same distance: particle A remains stationary for 1 s before moving
10mmand is then buried; particle B remains stationary for 100 s before
moving 10 mm and is then also buried. Particle A will have a speed of
10mms−1,whereas particle Bwill have a speed of 0.1mms−1. Further-
more, there appears to be a large spread of average particle speeds; the
data presented in Fig. 6b varies over four orders ofmagnitude (0.00061–
2.15 mm s−1) for the 61 pathways recorded. The distributions of both
speed and displacement are strongly skewed, with very few particles
moving fast or far. This observation may make it challenging to use a
single number to parameterize vp even in a controlled environment. It
may bemore useful to utilize the distribution of vp and adopt a probabi-
listic modelling framework.
4.2. Overland ﬂow as a driver for movement
It is clear fromour results that themovement of soil particles is high-
ly complex. Tucker and Bradley (2010) discuss “Ballistic Versus Near-
Ground Motion”. Ballistic motion refers to the movement of a particle
through the air whereas near-ground motion refers to motion at or
near the soil surface (like rolling). There is strong evidence in our exper-
iments that both of these processes take place. Fig. S2 clearly shows bal-
listic motion and particles can be seen exhibiting near-ground motion
(rolling) in Movie S1. Tucker and Bradley (2010) imply that near-
ground motion is linked to the gradient of the soil surface. There have
also been large scale studies linking steeper slopes with increased ero-
sion rates (Bakker et al., 2005), while others have suggested that over-
land ﬂow occurs in greater volume on steeper ground (Akbarimehr
and Naghdi, 2012). In this experiment the slope of the soil surface
remained more or less constant, however the speed at which the parti-
cles moved increased through the experiment. Although themagnitude
of the observed overland ﬂowwas notmeasured, the observation that it
appeared to increase as the experiment progressed, suggests that this
was responsible for the increase in travel particle travel distances
through time. The slope used in the experiment was shallow and parti-
cle rolling (non-local motion, Tucker and Bradley (2010) seemed to be
associated with particle transport in overland ﬂow. We suggest that,
in certain circumstances (such as the test conditions), it is the presence
of overland ﬂow that is the real driver for particle movement rather
than the gradient of the slope.
4.3. Stop, hop, roll model
This new understanding leads us to propose a simple conceptualiza-
tion of splash and shallow overland ﬂow transport of soil particles. At-
tempts at conceptualizing rainsplash-dominated transport are not
new and include that of Kinnell (2005) who describes three types of
Raindrop Impact Induced erosion, namely raindrop detachment splash
transport, raindrop detachment with raindrop-induced ﬂow transport,
and raindrop detachment ﬂow transport. However Kinnell's approach
tends to segment splash-induced transport processes suggesting that
they tend to be seen separately fromone another, and that there is a dis-
tinct point at which surface runoff begins.
When we examine the movement of multiple individual particles
(on a sub-millimeter scale), we ﬁnd that a particle will undergo a num-
ber of modes of transport within a very short time period. Equally, at
this scale, run-off is not simply present or absent, but surface water
will alternately pond and ﬂow, as it accumulates behind a barrier and
then breaks through. Theremay bemany of these pond and ﬂow events
over a small spatial area. Therefore we suggest that, at this scale, the
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described simply as: stop-hop-roll-repeat.
“Stop” means that a particle is initially motionless and may remain
this way; in Fig. 2 particles remain stationary for extended periods of
time. “Hop” is a rapid movement from one spot to another, and implies
ballistic motion caused by the impact of a raindrop (Fig. S2), when de-
tachment of a particle from the soil surface occurs. The nature of this de-
tachment is violent and abrupt, which results in the particle leaving the
soil's surface. On shallow slopes hops are, on average, non-directional
and result in no net soil movement. Leguedois et al. (2005) suggest
that on shallow slopes splash is not an effective soil transport mecha-
nism, but is important in detachment, which is in line with our ﬁndings
and in keeping with this conceptual model.
The “roll” step is responsible formost, if not all, of the netmovement
of soil; the net direction of movement is predominantly downslope and
the travel distance is variable, see for example Movie S1 in the online
version of this paper. Rolls start, on average, as non-directional trans-
port with particles moving towards local depressions, for example a
raindrop splash crater. However, if during the course of the initial roll
the particle interacts with ﬂowing water then the particle will move
with the water for a period of time until it stops. We are not currently
able to distinguish between different modes of transport in ﬂowing
water, i.e. bedload, saltating or entrained particles, but given the small
scale of the ﬂows and their transient nature we expect that most parti-
cles are rolling over the soil surface or saltating, probably a mixture of
both. This conceptual model is cyclic and a particle often undergoes
many cycles before it hasmoved any signiﬁcant distance. Abrupt chang-
es in slope or deep ﬂowingwater will cause themodel to break down as
the particlemay no longer be able to hop in all directions or be subjected
to raindrop impact.
5. Conclusions
This method gives, for the ﬁrst time, data with a high temporal (1/
50 s) and spatial resolution (b1 mm) describing how soil particles
move as a result of rainfall. The use of video and image analysis tools de-
livers rapid turnaround times for data analysis at low cost. Data on the
recorded motion of particles generated using this methodology have
the potential to parameterize and validate a new generation of soil ero-
sion models to describe particle movement, allowing a deeper under-
standing of the motion of soil particles to be developed by giving clear
empirical evidence of how these particles behave.
This work also highlights the importance of developing new tech-
nologies within geomorphology and soil science that take advantage
of general advances in technology.
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.catena.2016.11.005.
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